The Toolbox approach to the automated design of microfluidic components is extended to include a genetic algorithm search of candidate designs. Performance metrics for characterizing surface delivery are described, and the software is applied to choose sequences of grooves to add to a rectangular microchannel in order to optimize surface delivery for pressure-driven flow. Initial searches using five groove shapes identify designs that perform much better than standard mixers found in the literature. These initial searches produced two sets of competing designs, and each set was dominated by a different subset of the allowable groove shapes. Additional targeted searches that limited the groove choices to each of these two subsets produced additional significant improvements in the designs.
D = mass diffusion coefficient h = channel height L = characteristic
length = 2wh/(w+h) N i close
= number of features required for particle i to approach the channel wall within the specified threshold Pe = Peclet number for mass diffusion = uL/D Re = Reynolds number = ρuL/µ = uL/ν u = mean velocity w = channel width x,y,z = spatial coordinates ρ = density µ = dynamic viscosity coefficient ν = kinematic viscosity coefficient
I. Introduction
icrofluidic components have widespread applications in manufacturing, medicine and defense. Common applications include chemical and biological agent detection, explosives detection, environmental monitoring, food and water screening, and medical diagnostics and treatment. Although notable examples exist in the literature of automatic shape optimization for new microfluidic components, 1,2 computational fluid dynamics (CFD) is most often used for analysis or optimization of existing prototypes. [3] [4] [5] [6] [7] [8] For example, CFD is well suited for providing detailed flow field information for an established prototype, as well for doing some limited parameter studies in which some aspect of the established design (such as a particular geometric feature) is varied within a fixed range. These types of studies, however, require the researcher to provide an initial prototype to optimize, and the search for an initial, promising prototype can be daunting.
Mott et al. 9 describe Toolbox software for the automatic design of optimal microfluidic components based on performance criteria -no promising prototype is required. The approach constructs a complex component by Figure 2 A surface feature redistributes the fluid in the channel adding geometric features, such a grooves of various shapes, to a microchannel. The features generated a secondary flow that may be used to mix two incoming streams, deliver analyte to a particular point on a sensor surface, or eliminate the depletion layer or thermal boundary layer near a wall. The net transport produced by each groove in isolation was precomputed and stored as an "advection map" for that feature. Then the complex flow through a composite geometry that combines these basic features was calculated by applying the corresponding maps in sequence. A speed-up of approximately 10 5 was achieved relative to the time that would be required to solve the governing flow equations for the composite geometry. In Ref. 9, Mott et al. developed optimal mixers of moderate sizes using an exhaustive search of all designs that met imposed geometric constraints. The Toolbox software automatically determined which tested designs provided the best mixing based on several user-specified metrics.
In the current work, a genetic algorithm search replaces the exhaustive search of Ref. 9 , enabling the optimization of much more complex components with many more degrees of freedom. The software is applied to rapidly design new components for optimizing surface delivery. Figure 1 outlines the design approach taken by the Toolbox. New component designs are constructed by adding a sequence of grooves to the floor or ceiling (or both) of a rectangular microchannel. Each groove shape is chosen independently from a user-specified list. This approach to constructing components provides significant advantages in a design and optimization framework. This approach restricts the number of degrees of freedom in the design to a manageable number for the genetic algorithm search, even for long components that combine many features. Also, at low Reynolds numbers, the effect of each feature on the velocity field is highly localized. This characteristic of the physics enables the generation of a library of transport data for the allowable groove shapes that is accessed during the design calculation to calculate rapidly component performance.
II. Design Approach
An overview of the modeling approach used to characterize the flow through candidate designs is given in the following section. A more detailed description of the approach is provided in Ref. 9 . An overview of the genetic algorithm search is also included below.
A. Flow Modeling
Consider the pressure-driven flow through a rectangular microchannel with a diagonal groove on the channel floor. This groove redistributes the inflowing species across the channel, as seen in Fig. 2 . The effect of this groove on the velocity field is local (as illustrated by the streamline in Fig. 2 traveling between points A and B), and the species transport can be captured in a two-dimensional transformation that maps an arbitrary species inflow distribution (Plane 1) to the corresponding outflow distribution (Plane 3). This mapping concept is illustrated in Fig. 3 .
A library of these advection maps for grooves of various shapes is generated a priori, and complex components that combine these features are modeled by applying the maps in sequence. Figure 3a illustrates a continuous species distribution calculated using a single map, and Fig. 3b shows the result of particle tracking through two maps. Applied to characterize mixing as in Ref. 9 , the speed-up of this modeling approach relative to solving the 3D Navier-Stokes or Stokes equations is 10 5 . The performance of the approach applied to calculating surface delivery metrics will be discussed in the results section.
B. Genetic Algorithm Search
A genetic algorithm is a search algorithm that employs biological concepts such as breeding, mutation, and fitness to find a near-optimal solution to a problem. 11 This approach can find a near-optimum solution in a fraction of the time required for an exhaustive search. Genetic algorithms have the greatest utility for problems where the number of potential solutions is too large for exhaustive search, there are complex interdependencies between elements in a solution, and local maxima exist in the fitness distribution within the space of potential designs.
The genetic algorithm has two main stages: evaluating the fitness for each solution in the current population, and the generation of a new population of solutions (crossover). Each candidate design is comprised of a list of chromosomes that are randomly generated in the initial population. In the current framework for microfluidic component optimization, each chromosome is one particular groove shape. The fitness score for a solution is a userspecified metric for measuring the performance of the design, such as the ability to mix two incoming streams, mitigate dispersion, or maximize the delivery of target molecules in the flow stream to the component walls. Figure 4 illustrates the crossover step. In this example, components composed of four features each are listed in decreasing order of fitness. During crossover, members of the current population are used to generate a new population by combining chromosomes (grooves) from two parent solutions. The fittest members of the current population (red and blue) are used more frequently in generating members of the new population, and a very few of the fittest designs will survive to the next generation unchanged (red). While most of the offspring will have chromosomes that come from their parents, there is a slight chance that one or more of the chromosomes will mutate (purple). The mutation of chromosomes during crossover prevents the population from converging to a local maximum rather than approaching the global maximum. These two stages (fitness evaluation and crossover) are typically repeated until a suitable solution has been generated or a set number of generations are run.
In the calculations described below, a population of 1000 components was used for all calculations, with initial component length (i.e., the number of features in each component) of 100. The fitness score for each design is a real value between 0 and 1, and during crossover this score is compared to a random number in that same range to determine if that design is used for breeding. The front of one chosen design is spliced onto the back of a second design to make a new design for the next generation, and the algorithm chooses the location of this splice randomly. Mutation rates started at 0.5%, meaning that every feature in a chosen design has a 0.5% chance of being replaced by a randomly chosen feature in the library. The mutation rate could increase every 50 generations if the best designs in the population do not show significant improvement over that part of the evolution, but the mutation rate is limited to never exceed 2%. 
III. Surface Delivery

A. Overview
Enhancing surface delivery is necessary to increase the performance of several types of microfluidic components, including those used in biological, chemical, and explosives sensors, and single-phase heat exchangers. Consider a displacement assay, shown schematically in Fig. 6 , that is used to detect trace explosive molecules in a liquid sample. Target molecules in the flow stream (purple) compete with tagged molecules (yellow) for binding sites on the channel wall. These tagged molecules often include a fluorescent marker and are attached to the channel walls prior to sensor operation. When the target molecule displaces a tagged molecule, the tagged molecule is carried downstream by the flow. An optical sensor monitors the stream in order to detect these displaced tagged molecules. Tagged molecules in the flow indicate that the target molecule was present in the original sample. Diffusion limits the delivery of targets to the channel surface in the parallel flow generated at low Reynolds numbers. For the components studied here, the channel is 325 µm high and 1016 µm wide. The baseline volume flow rate is 500 µL/min, which gives a mean flow velocity of 2.52 cm/s and a Reynolds number of 12. Using a diffusion coefficient of 3.85×10 -6 cm 2 /s, which corresponds to TNT molecules in seawater 12 , the Peclet number, Pe, is 3.2×10 4 . Under these conditions, Fig. 7 illustrates the fraction of trace molecules in the sample that hit the wall of the channel in the absence of grooves or any other mechanism to establish a secondary flow. Over the 35 cm length of the baseline geometry, fewer than half of the target molecules ever come into contact with the walls. Since the efficiency of the displacement is not 100%, the number of tagged molecules placed into the stream is even lower.
To improve the delivery of target molecules to the surface, some researchers have added static geometries to generate a secondary flow in a channel. 13 The groove designs have been generally based on mixer designs available in the literature and not on combinations of features specifically tailored to enhance surface delivery.
B. Surface Delivery Metrics
To apply the Toolbox to optimize surface delivery, we must define metrics for characterizing surface delivery in terms of the transport data stored in the advection maps. The advection maps include advective transport, but do not include diffusive transport. Since the streamlines do not strike the channel walls, the calculation cannot simply trace particles to see if they hit the walls. The approach taken here recognizes that diffusion is still present in the system, and that the features are added to the channel to minimize the distance over which diffusion must act to bring the target molecules into contact with the surface. In other words, the grooves are chosen to redirect the streamlines such that all of the fluid, in as short a distance as possible down the channel, is taken close to the channel wall. This concept is represented in Fig. 7 . The definition of close can be set as a fixed percentage of the channel size or based on the diffusion coefficient of the particular system under study, or it can be a function of the diffusion coefficient and the residence time along each particle path to reflect the expected deviation from that path due to diffusion. In the current work, close approach is defined as 10% of the channel height for all cases studied. close as the number of features required for particle i to meet the threshold value, the efficiency of a particular design can be determined by looking at the particle that requires the largest number of features to meet the threshold:
with n p being the number of particles that were released. To convert N* into a fitness score f 1 ranging from 0 to 1, with f 1 →1 for optimal designs, write
with N ref being some reference number of features. If any particle fails to meet the threshold for close approach after N ref features, then the score for that component is set to 0. This straightforward application of the close-approach concept has one major shortcoming in terms of implementation. In many cases, most, if not all, of the members of an initial population constructed by randomly assigning features will fail to drive all of the particles below the threshold, and therefore the entire population will be given a score of 0. A more robust metric minimizes the sum Converting this approach into a fitness score between 0 and 1 yields Figure 8 gives an alternate definition of f 2 to provide additional intuitive insight. Maximizing f 2 is equivalent to maximizing the area under the curve in Fig. 8 , which plots the fraction of particles that have met the threshold for close approach as a function of the number of features traversed. In contrast, maximizing f 1 means finding the combination of features that drives the curve in Fig. 8 to a value of 1 in as few features as possible. Both metrics f 1 and f 2 have a beneficial property for optimization calculations: once a particle path is traced to the point where the particle reaches the threshold value, then the code can move on to treat the next particle. This ability to calculate the metric without calculating the particle path for the entire length of the component greatly accelerates the optimization calculation.
In the following results, the design goal is to obtain designs that minimize N*, but due to the shortcoming described for metric 1, a composite metric was defined as
which combines Eqs. 1 and 2. For all cases presented here, α = 0.9.
IV. Results and Discussion
The Toolbox was used to find near-optimal sequences of features (within the capabilities of the geneticalgorithm search) to maximize f 3 as a means for identifying the smallest values of N* for a threshold distance of 0.1h. Metric values presented here assume N max = 200, so that direct comparisons can be made between the optimal result and published mixer designs. Figure 9 shows the groove shapes that the code can select when designing the The designs chosen by the Toolbox are compared to two mixers found in the literature.
The first is the herringbone mixer of Stroock et al. 10 , and the second is a two-sided mixer developed using the Toolbox software prior to implementing the genetic-algorithm search 9 . Figure 10 shows these two designs. The herringbone mixer consists of a repeating pattern of six herringbone-shaped grooves in which the bend in the groove points upstream. The location of the bend shifts between y=w/3 and y=2w/3 every six features. In contrast, the two-sided mixer combines chevron and herringbone shapes that point downstream. The two-sided mixer design was optimized for a mixing metric that is not related to the surface delivery metrics described above. The herringbone layout was adapted to the channel aspect ratio and grove depth of the present study. Also, since the herringbone mixer includes features on the bottom of the channel only, two options for creating a two-sided mixer were tested. In the first, grooves in the channel ceiling identical to those in the floor were used. This design is referred to as in phase. In the second, the bend in the herringbone stripes in the ceiling is in the opposite side of the channel as its corresponding groove in the floor. This design is referred to as out of phase.
The genetic algorithm started each calculation by initializing a population of 1000 candidate designs in which the features were chosen randomly. For the metric evaluation, an equally-spaced 64×22 array or particles were released upstream from the first feature, resulting in a total of 1408 particle traces calculated for each design for each generation. Figure 11a shows a sequence of cross-sections in the herringbone mixer. The in-phase design is more efficient than the out-of-phase design, so this discussion focuses on the in-phase design. Figure 11a plots the locations in the cross-section of the 1408 particles after the designated numbers of features. The N=12 image, for example, corresponds to the location downstream of the sixth feature in the floor and the sixth feature in the ceiling. Solid red symbols indicate particles that have not met the threshold for close approach of 0.1h, and hollow blue symbols indicate those molecules that have.
A. Herringbone Mixer
The grooves pointing upstream drive fluid out across the floor and ceiling, away from the bend and toward the walls. Figure 12a shows this motion schematically. This flow pattern eventually squeezes all of the particles out of the core by pushing fluid in from the sides. Every twelve features, the grooves change orientation, and the focus of the flow is shifted to the other side of the channel. This changing orientation produces a significant back-and-forth motion within the core, but this motion is not effective in moving the particles out of the core. This design requires N*=146 features before driving all particles below the threshold value, and the fitness score f 2 =0.853. Figure 11b shows a sequence of cross-sections in the optimal 2-sided mixer of Fig. 10b . The grooves in this design have the opposite effect of those in the herringbone mixer: the grooves pointing downstream carry fluid from the corners of the channel toward the center. Figure 12b shows a schematic of the net effect of this groove combination. This motion squeezes the core fluid from the bottom and top and pushes particles in the core out toward the side walls, which is more effective than the previous herringbone arrangement. This squeezing motion is distributed across the core since the location of the bend in the grooves varies between 1/3, 1/2, and 2/3 of the channel width. This design requires N*=132 features before driving all particles below the threshold value, and the fitness score f 2 =0.882.
B. 2-Sided Mixer
C. Initial Search for Optimal Surface Delivery Components
The implementation of the genetic algorithm search is still under development, such that optimal population size, mutation rates, metric definitions, and crossover approach have not yet been identified. Even in this early stage, however, substantial improvements over current mixer designs have been achieved, and the optimization calculations have provided additional insights into the flow physics of effective components.
Given the entire list of five groove shapes, the Toolbox calculation identified two distinct but related approaches to optimizing surface delivery. Figure 13 shows results for typical designs for each strategy. Design 1 shown in Fig. 13a initially generates a single vortex pair as in Fig. 12c , and this vortex pair effectively removes particles from the very center of the channel. The pattern then shifts to a flow pattern similar (in net effect) to the herringbone mixer of Fig. 11a , which squeezes the fluid in from the sides. The design requires N*=69 features before driving all particles below the threshold value, and the fitness score f 2 =0.893. The features in Design 1 are dominated by the upstream-pointing chevron and herringbone shapes; of the N*=69 features, 37 (54%) are the upstream-directed chevron of Fig. 9c , and 23 (33%) are the upstream-directed herringbone of Fig. 9e . Design 2, shown in Fig. 13b , uses a strategy similar to the 2-sided mixer of Fig. 11b . A sequence of downstream-pointing herringbones and chevrons pump fluid from the walls to the center of the channel along the floor and ceiling, squeezing the core fluid from above and below. The pattern then shifts to a flow pattern similar (in net effect) to that in Fig. 12c : a single vortex pair is established to more efficiently sweep the lingering particles away from the mid horizontal plane. Design 2 also requires N*=69 features before driving all particles below the threshold value, and the fitness score f 2 =0.897. In contrast to Design 1, the features in Design 2 are dominated by chevron and herringbone shapes pointing downstream; of the N*=69 features, 28 (41%) are the chevron of Fig. 9b , and 26 (38%) are the herringbone of Fig. 9d .
D. Targeted Search Using Subsets of the Shape Library
For Stokes flow and negligible diffusion, features that mirror each other in the streamwise direction can effectively unstir the fluid, lengthening the component but providing no increase in the surface delivery metric. The genetic algorithm would likely work to eliminate such combinations, leading to the competing designs with predominately downstream-pointing features or upstream-pointing features. Two additional searches were performed in which the library was limited to features with the same orientation relative to the flow direction. One calculation used only the two features in Figs. 9c and 9e ; the other used only the shapes in Figs. 9b and 9d . Figure 14 gives the results of these two searches. These components squeeze the core fluid from the top and bottom or from the sides as in the previous designs, but the designs in Fig. 14 are significantly more efficient than the designs discussed above. The value of N* is 59 for the upstream-pointed features (Fig. 14a) , and N*=55 using downstream-pointed features (Fig. 14b) . The two-sided mixer in Fig. 11b requires 2 .4 times more features than the design in Fig. 14b to drive all target particles below the threshold value. The mixers of Fig. 13 require 25% more features than the design in Fig.  14b to perform this same task. Figure 15 illustrates the performance of the various designs. The fraction of particles meeting the threshold value for close approach is graphed as a function of the number of features traversed down the component, as was illustrated in Fig. 8 . All of the designs tested perform much better than diffusion acting alone, with the mixer of Ref. herringbone design with ceiling and floor grooves of opposite orientation, which is comparable to but consistently below the performance of the in-phase design described in detail in Fig. 11a Table 1 summarizes the values of f 2 and N* for each of the designs. As Fig. 15 and Table 1 show, minimizing N* does not automatically maximize f 2 .
E. Computational Performance of the Toolbox
The question remains regarding how much time is required for the Toolbox to identify these improved component designs. This question includes both the time required to evaluate the fitness for individual components and perform crossover to the next generation, as well as the efficiency of the search technique in finding good solutions after a reasonable number of generations. Figure 17 illustrates the histories of N* as a function of generation in the genetic algorithm search that identified the design in Fig. 14b (Fig. 10a) 0.841 172 Stroock in-phase (Figs. 10a & 11a) 0.853 146 2-Sided Mixer of Ref. 9 (Figs. 10b & 11b) 0.882 132 GA-optimized over 5 features: design 1 (Fig. 13a) 0.898 69 GA-optimized over 5 features: design 2 (Fig. 13b) 0.893 69 GA-optimized over 2 features: 10c and 10e (Fig. 14a) 0.893 59 GA-optimized over 2 features: 10c and 10e (Fig. 14b) 0.892 55 20 minutes of wall-clock time, the calculation running on a single 1300 MHz SGI Altix processor found a design with N*=59. After 23.4 hours of wall-clock time, the simulation reaches generation 6205 and produces a design with N*=55. After 100 generations, the average value of N* for the entire population was ~70, corresponding to a grid of approximately 2.8 million cells if the flow through each design had been calculated using traditional CFD. Using the advection maps to calculate the particle paths for the metric evaluation, the Toolbox found the fitness of all 1000 designs in generation 100 and performed crossover to generation 101 in about 15 seconds. The remaining question is why the general search over all five allowable shapes in the library failed to find solutions with N*<69, knowing that the designs shown in Fig. 14 were within the search space. Since features pointed upstream and downstream can cancel each other in terms of net transport, one possible explanation is that the mutation rate is too high. For example, as a population improves and eliminates inefficient combinations of features, some of these features mutate and reintroduce the inefficiency. Another potential problem lies in the stiffness of the metrics and the use of the fitness values in crossover. The fitness values for the designs in a generation indicate the relative frequency of use in crossover to produce the next generation. If a moderate improvement in the design is found that has a much better fitness score than the other designs in the population, it is possible under the current implementation for this one design to dominate the population within a few generations. Additional work in both of these areas, as well as work in choosing optimal population size and genome length, will continue.
V. Summary
Combining the genetic algorithm search with the advection map approach for characterizing component performance provides a powerful design tool for developing microfluidic components based on performance criteria. Components that enhance surface delivery were designed that drive trace particles in the sample stream below a threshold for close approach to the channel walls, and the new designs succeeded in driving all target molecules below the specified threshold in approximately 2/5 the length of previously published mixers. 
